Metabolic Control Analysis (MCA) is a conceptual and mathematical formalism that models the relative contributions of individual effectors in a pathway to both the flux through the pathway and the concentrations of individual intermediates within it. To exploit MCA in an initial Systems Biology analysis of the eukaryotic cell, two categories of experiments are required. In category 1 experiments, flux is changed and the impact on the levels of the direct and indirect products of gene action is measured. We have measured the impact of changing the flux on the transcriptome, proteome and metabolome of Saccharomyces cerevisiae. In this whole-cell analysis, flux equates to growth rate. In category 2 experiments, the levels of individual gene products are altered, and the impact on the flux is measured. We have used competition analyses between the complete set of heterozygous yeast deletion mutants to reveal genes encoding proteins with high flux control coefficients. These genes may be exploited, in a top-down analysis, to build a coarse-grained model of the eukaryotic cell, as exemplified by yeast. More detailed modelling requires that 'natural' biological systems be identified. The combination of flux balance analysis with both genetics and metabolomics in the definition of metabolic systems is discussed.
INTRODUCTION
Systems Biology is central to the post-genomic agenda and there are plans to construct complete mathematical models of unicellular organisms. However, such grand syntheses are still a long way off-not least because much of the quantitative data that will be required, if such models are to have predictive value and explanatory power, simply do not exist. Therefore, we will have to first construct models of smaller sub-systems (e.g. glycolysis, nucleotide biosynthesis, the cell cycle, etc.) and then integrate these component modules into a single construct, representing the entire cell. The problem, then, is to ensure that the modules can be joined up in a seamless manner to make a complete working model of a living cell that makes experimentally testable predictions and can be used to explain empirical data. There is a general awareness of this problem and there is much debate about the relative merits of 'bottom-up' and 'top-down' approaches in Systems Biology. In fact, both will be needed-but the foregoing discussion demonstrates that the top-down approach faces the larger conceptual problems.
It is difficult to construct an overarching framework for a model of, say, a yeast cell when one has no idea what the final model will look like. It would be very useful to build a very coarse-grained model of the yeast cell based on our current knowledge. However, this is a dangerous step since our current knowledge is very incomplete, with much relevant data being unavailable at present. Such a construct would very likely lead to us being in a 'cannot get there from here' situation a few years down the road, where we would find it impossible to integrate specific models of individual sub-systems, which had been generated by bottom-up approaches, with one another in a comprehensive model of the yeast cell, patterned on this over-arching framework.
A coarse-grained model is certainly desirable, but it might be sensible to get the yeast cell to construct it for us, rather than make an imperfect attempt to construct it ourselves. We have chosen to use the formalism of Metabolic Control Analysis (MCA; Kacser & Burns 1973; Kacser 1995; Fell 1997 ) for this purpose. The three main principles of MCA theory can be summed up as follows: (i) in a metabolic pathway, the control of flux through the pathway is 'shared' between the different effectors (usually enzymes) that determine the individual steps in the pathway and is not exerted by a single enzyme catalysing some 'rate-limiting step'.
(ii) The relative control exerted by each effector (enzyme) is measured by the 'flux control coefficient', C e J . This can be defined as the ratio of the relative change in flux due to a change in the relative activity of an individual effector (enzyme) at steady state. (iii) The 'summation theorem' of MCA states that, for an unbranched pathway, the sum of the flux control coefficients of all the effectors is equal to one. (That is, a completely rate-determining enzyme will have a value of C e J Z1; while an enzyme that exerts no control over flux through the pathway at all will have C e J Z0. In practice, control is shared between all the enzymes in a pathway and flux control coefficients have values closer to 0 than 1.) We have suggested that MCA forms a general conceptual and mathematical framework for the discovery of gene function, and not just for those genes whose products directly participate in or regulate metabolism Teusink et al. 1998; Raamsdonk et al. 2001) .
Therefore, we must persuade yeast to identify those components of the eukaryotic cell system that exert the greatest degree of control over the pathways in which they participate, or which they regulate. In other words, we need to identify those components of a yeast cell that exert the greatest degree of control over its rate of growth and division. In the parlance of MCA, these components would be said to have high Flux Control Coefficients. In the following sections, I will first discuss bottom-up approaches to the identification of sub-systems within the yeast cell. I will then return to this top-down approach, based on MCA, for the construction of a coarse-grained model of the yeast cell. However, the concept of flux, its distribution and control, is intrinsic to both the bottom-up and topdown approaches to be described.
BOTTOM-UP APPROACHES
For the bottom-up approach, the initial problem is one of systems identification. While a lot of time is currently spent debating the question: 'what is Systems Biology?', that time would be much better employed in answering the question: 'what is a biological system?' The basic system that is studied in my laboratory is the eukaryotic cell, as exemplified by the budding yeast Saccharomyces cerevisiae. Among the properties that make S. cerevisiae a particularly suitable organism with which to study the system of the eukaryotic cell are its rapid growth, well-dispersed cells, and simple methods of cultivation under controlled and chemically defined conditions. Moreover, yeast's life cycle, with its ability to grow vegetatively in either the haploid or diploid phase (allowing the direct analysis of the products of meiosis) means that it represents an extremely welldefined genetic system for which facile techniques of exquisitely accurate genetic manipulation have been developed (Brown & Tuite 1998; Sherman 1998 Sherman , 2002 Castrillo & Oliver 2004) . While it may be premature to speak of the 'e-yeast' or the 'virtual Saccharomyces', if the goal of constructing a predictive and explanatory model of the eukaryotic cell can be achieved at all, then it ought to be possible to achieve it with yeast.
Why then (in an organism where we know so much about its biochemistry, physiology and cell biology) should it be a problem to identify the biological subsystems that must be fully characterized and built into a comprehensive model of the eukaryotic cell? This problem arises because we have previously studied these biological systems in isolation and in a rigorously reductive fashion. Now, we must study them as parts of an integrated whole (see Oliver 2003) . The problem is that our current view of, say, a metabolic or signal transduction pathway is often twodimensional (rather than four-dimensional) and is frequently poorly integrated, if at all, with other cellular pathways. Thus our view of the network of metabolic pathways, represented by that chart taped to the door of the fridge in the laboratory, may not be the same as the yeast cell's. In order to gain a 'yeast's-eye view' of the different metabolic systems within the eukaryotic cell, we have coupled flux balance analysis with both metabolomics and genetics. Although the initial aim of these approaches is the identification of the natural metabolic systems of yeast, the principles involved should be more widely applicable to the problem of biological systems identification.
(a) Flux coupling analysis and metabolomics Saccharomyces cerevisiae is a rather specialized organism and its metabolic network is quite small, and probably better defined than that of any other eukaryote. Thus it has been possible to construct models, simply on the basis of stoichiometry (Holms et al. 1991) and the availability of a fully annotated genome sequence (Goffeau et al. 1996 (Goffeau et al. , 1997 , of the complete metabolic network of the organism (Forster et al. 2003) . Using such a model, simulations may be run that allow the calculation of the flux ratio between any pair of reactions at steady state. If this ratio is constant in all possible steady states, then the two reactions are said to be coupled; if it varies, they are said to be uncoupled (Burgard et al. 2004) . Metabolomic analysis of either yeast cell extracts (the endometabolome or the metabolic fingerprint; Raamsdonk et al. 2001; Castrillo et al. 2003) or the culture supernatant (exometabolome or metabolic footprint; Allen et al. 2003) of mutants deleted for genes encoding either regulators or enzymes within a metabolic pathway may be used to check the predicted coupling of reactions (Bundy et al. in preparation) . This combination of in silico flux coupling analysis and in vivo metabolomic analysis should be a powerful and efficient route to metabolic systems identification.
(b) Flux balance analysis and synthetic phenotypes The recent completion of the human genome sequence (Lander et al. 2001; Venter et al. 2001) has provided a powerful demonstration that the increase in complexity of organisms up the evolutionary scale is not simply a consequence of an increase in gene number; rather, it is the result of an increased sophistication in the interactions between genes. Thus, to define the subsystems within the eukaryotic cell, using yeast, we must develop a bottom-up strategy that allows us to reveal these gene interactions on a global level. This can readily be done by identifying synthetic interactions between genes. Thus, it may be that there is no overt phenotype due to deleting either gene A (
K ), but cells with both genes A and B deleted (A K B K ) show a clear phenotype. The most obvious phenotype is death and screens are frequently made, on a gene-by-gene basis, for synthetic lethal interactions. Synthetic interactions between genes can be the consequence of gene redundancy (two genes encode the same protein) or of the occurrence of alternative pathways for the synthesis of the same product. A systematic attempt is being made in Canada to uncover all synthetic lethal interactions between yeast's 6000 protein-encoding genes by constructing all 12 million or so possible double mutants (Tong et al. 2004) . So far, about 4% of the possible double-mutants have been constructed and ca 0.6% have proved to be synthetically lethal on rich medium.
While this comprehensive analysis will provide a resource of incomparable value, it is possible (for genes involved in metabolism and its control) to take a short cut. We (Papp et al. in preparation) are using the stoichiometric model of yeast metabolism constructed by Palsson, Nielsen and colleagues (Forster et al. 2003) to carry out simulations (Segre et al. 2005 ) that allow us to predict synthetic interactions between metabolic genes. So far, construction of double-mutants based on these predictions has revealed synthetic interactions at a frequency of ca 30% (compared to 0.6% for the comprehensive approach). This suggests that the prediction and testing of synthetic interactions will be a relatively efficient way of uncovering partially redundant natural metabolic systems within the yeast cell.
TOP-DOWN APPROACHES WITHIN A METABOLIC CONTROL ANALYSIS FRAMEWORK
In order to exploit MCA in an initial top-down Systems Biology analysis of the eukaryotic cell, two categories of experiments are required: In category 1, flux is changed and the impact on the levels of the direct and indirect products of gene action is measured. In category 2, the levels of individual gene products are altered, and the impact on the flux is measured. The integration of the datasets produced by these two kinds of experiments should allow us to link the controllers with what they control in a truly comprehensive manner. This integration should permit the construction of a coarse-grained model of the eukaryotic cell that, in common with the bottom-up approaches described above, represents a yeast's-eye view. This coarsegrained model should, therefore, provide a suitable framework into which the sub-system models produced by bottom-up studies may be fitted, eventually permitting the 'grand synthesis' of a comprehensive and integrated model of the yeast cell, the e-yeast.
(a) Category 1 experiments: changing the flux We have measured the impact of changing the flux on the transcriptome, proteome and metabolome of S. cerevisiae. In this whole-cell analysis, flux equates to growth rate, and we have exploited the technique of chemostat culture in order to set the growth rate (or flux) by controlling the supply of a growth-ratedetermining nutrient. By setting growth rate to the same values in chemostats in which either glucose, ammonium, sulphate or phosphate represents the limiting nutrient, we have studied the control of the yeast transcriptome, proteome and metabolome in a manner that allows the dissection of growth-rate effects from nutritional effects (Castrillo et al. in preparation) . Our previous experiments on transcriptome analysis (Hayes et al. 2002; Lim et al. 2003; Wu et al. 2004) had demonstrated that the use of chemostat culture removes many of the confounding variables that complicate the analysis of the data, and the same should be true for the proteome and metabolome. Therefore, the results generated by these experiments should provide important kinetic information for the construction of dynamic models of the yeast cell in Systems Biology (Kitano 2005; Nurse 2003; Castrillo & Oliver 2005) .
We have found that data on the exometabolome (that is, the totality of metabolites excreted from the cells into the growth medium), proteome and transcriptome all show a clear separation between the carbon-limited (i.e. glucose-limited) and the carbonsufficient (i.e. ammonium-, sulphate-and phosphatelimited) cultures. Moreover, the proteome and transcriptome data show clear growth-rate-associated trends under all three nutrient limitations, but only the exometabolome data from the carbon-sufficient cultures shows such a trend. Since the exometabolome is the product of overflow metabolism (Kell et al. 2005) , we infer that yeast more tightly regulates its metabolism with changes in flux (growth rate) under carbonlimited than under carbon-sufficient conditions, such that (in the former) the spectrum of metabolites excreted remains relatively unchanged.
The most detailed analyses of the impact of changing the flux have been made at the level of the transcriptome, where we were able to exploit the Gene Ontology (Ashburner et al. 2000) to place sets of genes significantly up-or downregulated with growth rate in their functional categories. We found that a large proportion of all growth-rate-regulated yeast genes share orthologues with other eukaryotes, including humans. The set of ca 500 genes significantly upregulated with increasing growth rate are frequently essential and encode evolutionarily conserved proteins of known function that participate in many proteinprotein interactions. In contrast, more unknown, and fewer essential, genes are included in the set of ca 400 genes downregulated with increasing growth rate. The protein products of this downregulated set rarely interact with one another, but more frequently interact with the products of the upregulated genes. Presumably these interactions between proteins encoded by such differently regulated sets of genes are transient in nature and may indicate that the controls that mediate the switch-over between one set of genes and the other, as growth rate changes, may act at the post-transcriptional level.
The set of ca 500 genes of known function that are upregulated with growth rate shows a high proportion that are involved in the following biological processes: translation initiation, ribosome biogenesis and assembly, protein biosynthesis, nucleotide and nucleic acid metabolism. The same gene set showed the following biological functions of their protein products to be over represented: translation initiation factor activity and nucleic acid (RNA) binding, structural constituents of ribosome activity, ligase activity forming aminoacyl-tRNAs and DNA-directed RNA polymerase activity. These proteins that are upregulated with increasing growth rate occur in a variety of subcellular compartments (cytosol, exosome, nucleus) and complexes (e.g. eukaryotic translation initiation complexes, nucleolus and ribosome subunits).
Analysis of the set of ca 300 genes of known function whose transcription was significantly downregulated with increasing growth rate showed a high proportion Genomes to systems with yeast S. G. Oliver 479 of these genes to be involved in the following biological processes: response to external stimulus, cell communication and signal transduction, autophagy, homeostasis, response to stress, vesicle recycling within Golgi. The predominant molecular functions categories for this gene set involve a variety of catalytic, signal transduction, transcription regulator and transport activities. The protein products of these growthrate downregulated genes are components of the plasma membrane, vacuole and repairosome.
These genes that are downregulated with increasing growth rate are probably involved in maximizing the efficient utilization of cellular resources when nutrients are scarce. Our data indicate that this is a poorly understood aspect of the cell's economy since 30% of these genes is of as yet undetermined function. This is despite the fact that nutrient scarcity is likely to be a common situation for micro-organisms growing in their natural environment (Ferenci 1999) . Among the genes of known function that are upregulated at low growth rates are those involved in mobilization and storage of available resources in the vacuole. Autophagy is a major system of bulk degradation of cellular components, and we find genes involved in this process are among those upregulated at low growth rates. Autophagy mediates a reduction in the pool of ribosomes, thus slowing cell growth when nutrients are limiting (Ohsumi 2004) .
Other genes that are upregulated at low growth rates are those encoding transcriptional repressors whose action results in the activation of alternative routes for the assimilation of substrates as an adaptation to the environment. In all, the data on the downregulated genes present a picture of the slowly growing yeast cell activating pathways involved in the response to external stimuli, maintenance of homeostasis, vacuolar transport and storage and autophagy-the whole being directed towards a more efficient use of scarce resources.
(b) Category 2 experiments: changing the levels of gene products We are determining which of yeast's 5000-plus proteinencoding genes display a haploinsufficiency phenotype by carrying out competition experiments between hemizygous, bar-coded, mutants in chemostat culture (Delneri et al. 2003) . These studies have shown that the majority of genes have no impact on the fitness of yeast when their copy number is reduced from 2 to 1 in a diploid strain. However, there are a number of genes that cause a significant reduction of fitness (haploinsufficiency) or a significant improvement in fitness ('haploproficiency') when in the hemizygous state. Some of the genes exhibit a haploinsufficient or a haploproficient phenotype in all conditions studied, while others only exhibit an effect under specific environmental conditions. For instance, genes involved in vesicular transport show a haploinsufficient phenotype in all the environments examined so far (nitrogenlimited, carbon-limited and phosphorus-limited). In contrast, genes encoding proteins that form components of the proteosome complex, or are involved elsewhere in ubiquitin-mediated protein degradation, show a haploproficient phenotype in a nitrogen-limited environment but not in conditions of carbon or phosphorus limitation.
If one integrates the data from the Category 1 ('change the flux') and Category 2 ('change the gene product concentrations') experiments, a striking result emerges. Virtually none of the genes that show a significant haploinsufficient or haploproficient phenotype under all three nutrient limitations examined has its expression regulated at the transcriptional level. Thus, in the parlance of MCA, very few yeast gene products with a high flux control coefficient for cell growth are, themselves, subject to regulation at the level of transcription. This may be a fundamental 'design rule' of eukaryotic cell systems (Kitano 2005; Nurse 2003; Castrillo & Oliver 2005 ), but such terms should be used with caution since living organisms are not the results of design; rather, they are the products of evolution. This fact represents a major challenge for the systems approach to biology.
THE GRAND SYNTHESIS: CHALLENGES FOR BIOINFORMATICS
The grand synthesis represents the task of integrating the data and models from both top-down and bottomup investigations of the Systems Biology of the eukaryotic cell, as exemplified by studies on S. cerevisiae. At all costs, we must avoid a cannot get there from here situation in which the grand synthesis cannot be achieved because the over-arching framework used for top-down studies is inappropriate or inadequate, or the different sub-system models are incompatible with one another for either biological or computational reasons. The avoidance of these pitfalls will require considerable forward planning and cooperation on the part of the research community, and bioinformatics has a central role to play in solving the problems involved.
In preparing for the grand synthesis, we need to ensure comparability, compatibility and interoperability at both the experimental and informatic levels. A lot of this is about standards. The very word makes some researchers' hackles rise, because they think that the quality of their work is being judged. In truth, an improvement in research quality is often a consequence of the imposition of international data standards, but this is a fortunate side-product rather than the main aim. To avoid the 'we cannot get there from here' problem, researchers in yeast Systems Biology will have to agree a number of standards for their experimentsincluding the genetic background for the strains of S. cerevisiae used, the culture media on which those strains are grown, and a number of classical physiological transitions that can act as benchmarks for studies. Fortunately, the yeast research community has a long history of working in a cooperative and collaborative manner, which was largely due to the characters of a number of the founding fathers of the field-people like Herschel Roman & Bob Mortimer (Hall & Linder 1993) . In recent times, there have been major world-wide collaborations between many laboratories in the yeast research community to achieve the sequencing of the S. cerevisiae genome (Goffeau et al. 1996 (Goffeau et al. , 1997 and the generation of a comprehensive set of gene-deletion mutants and their functional analysis (Oliver 1996; Winzeler et al. 1999; Giaever et al. 2002) . The Yeast Systems Biology Network has been established recently (Nielsen 2004) and, as with the Sequencing and Functional Analysis projects, funding from the European Commission looks likely to play a major catalytic role. It can only be hoped that the larger international Systems Biology scene (Kitano 2005) will emulate the characteristic positive cooperative spirit and effective self-organizing ability exhibited by the yeast researchers.
At the bioinformatic level, data standards have to do with ensuring that the results of experiments are stored in an accessible and interoperable manner, and that sufficient information about the way the experiments were performed (the so-called metadata-the data about the data) is also available to allow only appropriate and effective comparisons and integrations to be made. At this level, most progress has been made with the establishment of standards for transcriptomic data, and this effort has been ably led by another author of this issue, Alvis Brazma. Under his guidance, the MGED (www.mged.org) Consortium has both proposed what information must be captured about a microarray experiment (MIAME; http://www.ebi.ac. uk/arrayexpress/; Brazma et al. 2001) , and developed XML representations for such data (MAGE-ML; Spellman et al. 2002) . Developing agreed and effective representations for complex datasets originating in different labs, using different equipment, acting over diverse organisms is far from straightforward. Nevertheless, MGED has made significant progress in this direction (http://www.ebi.ac.uk/arrayexpress/). The development of standard representations for proteome and metabolome data is at a much earlier stage of development. However, the need for such standard representations is recognized and a credible start has been made for both proteomics (Orchard et al. 2003; Taylor et al. 2003; Garwood et al. 2004 ; http://pedro. man.ac.uk/) and metabolomics (Kell 2004; Jenkins et al. 2004 ; http://www.armet.org/). What is required now is for a universal 'front end' to be developed that allows experimentalists using multiple levels of omic analysis to capture the description of their experiment, and the associated metadata, just once. Again, this is an area of bioinformatics that is only just beginning to receive serious attention . A Functional Genomics Object Model (FuGE-OM; http://fuge.sourceforge.net) is under construction to enable common data standards for all levels of functional genomics to be developed.
We not only need compatibility and interoperability of the bioinformatics systems relating to the data gathered in functional genomics and Systems Biology experiments, we also need to ensure that the models that will be used increasingly to guide those experiments also have these characteristics. There has been an early awareness of this problem, and the development of the Systems Biology Mark-Up Language (Finney et al. 2001; Hucka et al. 2003) should permit the facile exchange of models between researchers. There has even been a demonstration that it is possible to completely automate the generation of hypotheses and the design and execution of functional genomics experiments to test them (King et al. 2004) . For all that, it will take a lot of good will and cooperation on the part of all-too-human researchers to ensure that 'we can get there from here' and that the virtual yeast will become a reality.
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